With the availability of distributed generation (DG), clusters that can autonomously manage their energy profile are emerging in the power grid. These autonomous clusters manage their load profiles by orchestrating their energy resources, such as DG, storage, flexible energy consuming appliances, etc. The performance of such an autonomous cluster depends on the composition of its energy resources. In this paper, we study how the performance of a cluster is affected by adding energy resources such as generating units, storage systems or consuming appliances. First, we characterize the energy resources by parameters that describe their relevant properties. Afterwards, we describe a comprehensive set of performance indicators of a cluster that capture the economical, environmental, and social aspects. We present a model that shows how the energy resources influence the performance indicators of the cluster. We have tested our model with a case study, revealing its effectiveness to evaluate the value added by an energy resource to a cluster.
Introduction
The electricity power system is in transition. Driven by the growing need for clean, reliable and affordable electricity supply, more renewable and distributed energy sources are penetrating into the distribution power grid, i.e., close to the end-consumers [1] [2] [3] . For instance, according to European parliament, all new buildings that will be built after 2019 will have to produce energy on site [4] . In addition to the generation capability, distributed electricity storage systems are also becoming available [5] [6] [7] [8] [9] . Moreover, massive presence of electric vehicles is anticipated, that will have huge impact on the distribution grid [10] [11] [12] . In parallel with these trends, significant efforts is being made to develop intelligent solutions that could help to coordinate the system [13, 14] .
The availability of distributed generation, the flexibility provided by distributed storage and other flexible devices, as well as the accessibility of intelligent mechanisms to coordinate these resources make local matching of supply and demand more appealing. With more resources becoming locally available and with the growing intelligence of coordination, the lower parts of electricity power grid tend to become energy autonomous. Accordingly, various types of autonomous clusters are developing in the power system, namely virtual power plants [15] , microgrids [3] , autonomous networks [16] , energy communities [17] , etc. Common to these forms of clusters is that they autonomously manage their resources and exchange power bidirectionally with the rest of the power grid.
A synthetic neighborhood autonomous cluster is shown in Figure 1 . The cluster consists of different types of energy resources. The energy resources include different power sources, electricity storage systems, and different types of appliances in and around the houses that consume electricity. The energy resources in the cluster can be coordinated using appropriate strategies to achieve a desired performance. The autonomous cluster is also connected to the external grid, that enables it to exchange power with the rest of the grid in a bidirectional way.
It is desirable to optimize the performances of autonomous clusters with regards to economical, environmental, and social values. The performance measures depend on the composition of the energy resources in the cluster, since the energy resources have different contributions to the different performance measures of the cluster. Therefore, finding the right composition of the energy resources plays a significant role to obtain the desired performance of the cluster. To find the right composition of the energy resources in the cluster, the influence of each energy resource on the performances of the cluster need to be clearly identified.
In this paper, we present a novel study that investigates how the energy resources in an autonomous cluster influence the performance of the cluster. We consider a generic autonomous cluster. To do this, we identify the characteristics of the energy resources that influence the performance of the cluster. Further, we describe a comprehensive set of relevant performance indicators of the cluster, and then model how these performance indicators are influenced by the characteristics of the energy resources. This enables us to model the value added to the cluster by adding an energy resource.
The rest of this paper is organized as follows. We present the related work in Section 2. After presenting the characteristics of the energy resources in Section 3, we present our model of the performance indicators of a cluster in Section 4. In Section 5, we present our case study that is used to test our model. Finally, the concluding remarks are presented in Section 6.
Related Work
With the trend of increasing availability of distributed energy resources, various forms of autonomous clusters have been proposed. A Virtual Power Plant (VPP) [15] is a collectively managed cluster of distributed power sources. A Microgrid [3] is a low voltage distribution system comprising of distributed generations, storage systems and controlled loads that are coordinated to achieve a controllable operation either as an island or connected to the power grid. Autonomous network [16] is a part of the power grid but its behavior is more or less independent from the rest, and its primary aim is optimizing its normal operation. An energy community [9] is a cluster of prosumers that exchange power with the rest of the system as a single unit.
In autonomous clusters, desirable performances are achieved by orchestrating their energy resources. Cost, emission and reliability/robustness are common performance indicators in the power system. There are a couple of works in the literature that attempt to optimize some of these performance indicators on specific systems, a review of which is provided in [18] . However, a comprehensive model that evaluates the performance indicators of a cluster in terms of the properties of its constituent energy resources is missing, and this work attempts to fill this gap.
In this work, we propose a model that evaluates the value gained by adding an energy resource to an autonomous cluster. In addition to the common performance indicators mentioned before, we propose two relevant performance indicators of an autonomous cluster, namely independence and convenience, that also capture other performance aspects of a cluster as will be described later.
Characterizing the Energy Resources
In this paper, energy resource of a cluster refers to generation unit, energy storage system, or consuming appliance that is part of the cluster. Energy resources have different characteristics that influence the performance of the cluster. In this section, eight characteristics are identified, namely cost, emissions, failure rate, responsiveness, controllability, predictability, availability, and convenience. These characteristics are described subsequently.
Cost
An energy resource has a fixed cost which represents the investment cost incurred to install it. Over a given period of time T, the fixed cost can be translated to depreciation cost. Depreciation costs are the costs due to the value degradation of the energy resources as a result of aging and usage. Depreciation of an energy resource depends on how intensively it is used, i.e. if it is used more intensively, it depreciates faster. Thus, the depreciation cost can be obtained as shown in Equation (2) , where c v is its average cost of supplying a unit energy, and E is the total amount of energy supplied by the energy resource in the time interval
Emission
An energy resource usually has green-house gas emission associated with it, that could be divided into fixed emission and variable emission. The total fixed emission   f m is the emission associated with manufacturing and installation process of the energy resource. The variable emission is the emission resulting from the operation of the energy resource.
Similar to the cost, the depreciation and variable emissions over period T ( 
Failure Rate
Failure rate expresses the probability of failure of an energy resource. Given an expected rate of failure per year    , a continuous probability distribution function can be used to model the failure probability. Commonly, the exponential distribution function is used. Accordingly, the probability that a failure occurs within a time duration of T can be expressed as:
Predictability
The predictability of an energy resource indicates how accurately its power supply or demand can be forecasted. Two parameters are important to describe predictability, the coefficient of reliability   P  and the time   t . The coefficient of reliability tells how reliable the prediction is. Predictability is measured by the prediction uncertainty interval from the expected value. The prediction uncertainty interval is denoted by P  , which depends on both P  and t. For example,
means that the prediction is 30% confident that at 4 t  the value will be within ±5 uncertainty interval from the expected value.
Based on these, we quantify the predictability factor   r of an energy resource as shown in Equation (6), where T is the length of the time period over which the prediction is made, and U is the capacity of the energy resource. r is computed by integrating the prediction uncertainty interval   P  over the time period T and all coefficients of reliability   P  , and then normalized by U. The normalization is done so that r gives the amount of uncertainty per capacity of the energy resource. A lower predictability factor r indicates a higher predictability.
Availability
Availability of an energy resource tells whether it is available for use when it is needed. This characteristic also captures the usefulness of its availability. For example, a power source that is available at periods of surplus production but not available at the times when there is deficiency of supply has low availability. When quantifying the availability, two parameters of importance are the expected availability To capture the usefulness of the availability of an energy resource, we propose an availability factor that de-pends on the situation in the cluster. We denote the situation in the cluster by S, which represents the amount of extra power production/consumption needed based on whether there is shortage/surplus of power generation in the cluster, normalized by the largest instantaneous power demand in the cluster. In order to determine the availability of an energy resource to supply power, S is computed based on the need of extra power supply, whereas to determine the availability of an energy resource to consume/store power, S is computed based on the need of extra power consumption. Accordingly, we propose to compute the availability factor   a over a period of time T as shown in Equation (7).
Controllability
Controllability refers to the extent to which the power supply/consumption of an energy resource can be controlled. In our case, controlling means making it produce or consume a required amount of electricity on demand. For example, the charging rate of a battery storage can be tuned below the maximum possible charging rate. The controllability of an energy resources is subject to its inherent constraints. For instance, charging of a storage is constrained by its maximum charging rate, state of charge, and storage capacity. Therefore, we propose to measure controllability   b as the length of the interval over which the power supply/consumption of an energy resource can be varied, as restricted by its inherent constraints.
Responsiveness
Responsiveness represents the duration of time it takes the energy resource to respond to a power production/ consumption request from the cluster. Some energy resources respond in few seconds, while others do in few minutes or more. For example, a battery storage can respond to a request in few seconds, while a fuel cell responds in a couple of seconds to minutes. Thus, responsiveness of an energy resource, x, is expressed as the length of the time interval between receiving the request and responding to the request.
Convenience
Convenience refers to the perception of people about an energy resource regarding its disruption of their comfort. Comfort can have various dimensions such as noise, visual disturbance, etc. For example, installing wind turbines in a residential neighborhood could lead to visual disturbance. People can have different opinion about the importance of a comfort dimension. The importance can be rated with integers ranging from 0 to 3. An energy resource can be evaluated against each comfort dimension with a score ranging from say 1 to 10. Therefore, convenience can be measured by surveying the opinion of the people about the importance and score of each comfort dimension. Afterwards, convenience factor   v is computed as shown in Equation (8), where j h and j l are the importance and score, respectively, of the
Performance Indicators of a Cluster
In this work, a cluster is a general term that refers to a part of the power grid that autonomously manages its own resources and is capable of exchanging power bidirectionally with the rest of the power grid. The performance of a grid cluster could be evaluated by comprehensively considering the economical, environmental, societal aspects. This approach enables a holistic evaluation of the cluster. Accordingly, we present a comprehensive set of performance indicators that cover the economical, environmental and societal aspects. These performance indicators include cost, emission, robustness, independence, and convenience.
The value gained by adding an energy resource into the cluster depends on the precedence of usage of the energy resources in the cluster. For example, in case of excess power production, using a flexible load to match demand and supply could be given priority compared to storing the excess power in a battery storage. Thus, adding a flexible load to a cluster could alter the contribution a previously existing battery storage makes to the cluster. When the contribution of the energy resources change, the performance indicators of the cluster might change as well.
Next, we will present the performance indicators together with how they are influenced by the characteristics of the energy resources.
Cost
Evaluating the cost of a cluster is very relevant because it affects the payments of the consumers to purchase electricity. The cost of the cluster per kWh   C in time interval T is computed as shown in Equation (9) . The terms in the square bracket make up the net cost of the cluster in T. It consists of the total depreciation and variable cost of all the N energy resources in the cluster (obtained from Equations (1) and (2) 
To evaluate the impact of adding a new energy resource on the cost of the cluster, Equation (9) should be recomputed with the new energy resource incorporated into the cluster. Thus, the difference between the original cost and the new cost represents the added value of the new energy resource on the cost of the cluster.
Emission
In line with the growing environmental concerns, reducing the emission of green house gases associated with electricity system needs to be minimized. Emission measures the cleanness of electricity from green house gases. The emission of a cluster incorporates the emissions associated with its energy resources. We assume that a cluster is responsible for the emission associated with the energy it supplies both for local consumption and export.
Accordingly, we quantify the emission of a cluster per unit kWh   M in time interval T as shown in Equation (10) . The quantity in the square bracket represents the total emission in period T associated with the cluster. The total emission is then divided by the sum of the energy supplied from the cluster, both for local consumption and export, in time interval T.
The impact of adding a new energy resource on the emission of the cluster can be evaluated by recomputing Equation (10) with the new energy resource included, in a similar way it was done for cost.
Robustness
An energy cluster needs to supply reliable power to the end-consumers, hence it is desirable to minimize the chance of power outage. We express robustness of a cluster in terms of the chance of power outages the consumers experience. We consider three possible causes of power outage. The first is the scenario when a producing energy resource fails and there are no other energy resources to cope with the reduction in supply; the second cause is a big and rapid fluctuation of the supply/consumption from the expected values that the cluster could not cope up with; and the third one is the situation when the demand is higher than the maximum power supply.
We define three vulnerability measures of a cluster 
 
The impact of simultaneous failures of multiple energy resources can be obtained by multiplying the product of the failure rates of the individual energy resources by the probability that their combined failures lead to power outage. This combined effect can be added to Equation (11) , but the chance of simultaneous failures of multiple energy resources is practically very small.
The fluctuation vulnerability of a cluster depends on its maximum fluctuation tolerance, which is determined based on the technique used to overcome fluctuations. In conventional power system, three stages are involved to overcome big fluctuations, namely primary, secondary and tertiary control stages [19] . When a fluctuation arises, the primary control is initiated, whereby highly responsive energy resources are used to cope with the fluctuation within short period of time (a few to several seconds). Afterwards, the secondary control stage takes over (in a couple of seconds to a minute) the primary control using the less time responsive resources, and the resources used in the primary stage are freed. Finally, the tertiary control takes over and brings the system back to an equilibrium position, thereby freeing the resources used in the secondary control stage.
For each control stage, the system has a fixed assimilate capacity to absorb fluctuations. If the fluctuation exceeds any of these assimilation capacities, then power outage could result. Thus, the maximum absorbable fluctuation   max  can be expressed as the minimum of the assimilate capacities    in the three stages (Equation (12)). Thus, we compute the fluctuation vulnerability of the cluster over a period T (Equation 
On the other hand, power-shortage vulnerability over a given period T can be computed by Equation (14), integrating over period T the probability that demand exceeds supply.
Finally, the overall vulnerability    of the cluster is obtained by adding the individual vulnerabilities together (Equation (15)). Then, the overall robustness of the cluster is computed as the inverse of the overall vulnerability (Equation (16)).
A cluster can have a certain level of tolerance for the occurrence of power outage. For example, a single power outage per year could be tolerable in a cluster. We refer to the maximum vulnerability that is tolerated by the cluster as power outage tolerance    . Thus, the condition in Equation (17) should always be maintained.
When a new energy resource is added to the cluster, the values of the parameters in Equations (11)- (16) could change. For instance, the failure rate, availability, controllability, responsiveness and predictability of the energy resource could affect the vulnerability of the cluster. Hence, the change in robustness R gives the added value of the new energy resource.
Independence
A cluster may depend on the rest of the power grid for various reasons. When the imported electricity is cheaper than the local electricity supply from its own power sources, then the cluster might resort to importing electricity from the rest of the power grid even though the demand can be supplied locally. We refer to this optional kind of dependency as economical dependency. On the other hand, when the local demand exceeds the maximum capacity of the local supply, the cluster is forced to import electricity. We refer to this kind of dependency as mandatory dependency. The independence performance metric addresses the mandatory dependence of the cluster on the rest of the grid.
There could be various reasons why a cluster would minimize its mandatory dependence on the rest of the power grid. For instance, if the cluster is largely dependent on the rest of the grid, then disturbances in the rest of the grid could have larger impact on the cluster. Accordingly, we represent independence as one performance indicator of a cluster. We employ two types of metrics to capture the mandatory dependence of a cluster on the rest of the grid, namely aggregate dependence and instanta- 
Instantaneous dependence   instantaneous D captures the dependence of a cluster on the rest of the grid in terms of the instantaneous power imported. Let X be the maximum mandatory instantaneous power that is imported from the rest of the grid in period T, and let Y be the average power consumed in the cluster in the same period. Then, instantaneous D is computed as the ratio of the two (Equation (19)).
The characteristics of the energy resources such as predictability, controllability, responsiveness and availability affect the independence of the cluster. For example, if a cluster has more predictable energy resources, then the possible supply shortages can be predicted early enough, and hence the controllable energy resources can be appropriately managed to locally compensate the supply shortage, thereby reducing dependence on the external grid. The impact of adding a new energy resource can be computed in the same fashion as it was done for the previous cluster performance indicators.
Convenience
Convenience of a cluster measures the perception of the people about the suitability of the energy resources to maintain their comforts as mentioned in Section 3.8. As shown in Equation (20) , the convenience of a cluster   V can be obtained by summing up the individual convenience k v of all the energy resources in the cluster, that were calculated using Equation (8) . Thus, the value added by adding a new energy resource can be obtained by recomputing Equation (20) with the new energy resource incorporated in the cluster. 
A Case Study
In order to verify the theoretical model developed in the preceding section, we present a simplified case study. The clusters used in our case study are modeled based on the design of the green village project of the TUDelft [20] . The green village project aims at building a sustainable village at TUDelft campus based on green en-ergy and intelligent technological developments.
For our case study, we make three variants of clusters with different compositions, that are simplified versions of the green village design. The first cluster, cluster1, represents a regular cluster whose composition is shown in Table 1 . The second cluster, cluster2, is a modified version of cluster1 which is obtained by removing the battery. Similarly, the third cluster, cluster3, is obtained by modifying cluster1 such that the quantity of both wind turbine and solar PV are reduced by half, and the power capacity of the battery is increased to 50 kW.
We evaluate the gain with respect to cost and robustness by adding a storage system on the three clusters. As stated earlier, the value gained by adding an energy resource into the cluster depends on the precedence of usage of the energy resources in the cluster. While different precedence strategies are possible, we adopt a simple one. The precedence of usage of resources assumed for the three clusters is as follows. If there is shortage of supply, then power is supplied from storage. If the storage supply alone cannot cope up with the shortage, then additional power is supplied from the fuel cell. If the shortage exceeds the combined capacity of the storage and the fuel cell, then the power is imported from the rest of the grid. On the other hand, if there is surplus production of power, then storage is used to store it. If the surplus production exceeds the storage capacity, then power is exported to the rest of the grid.
To accurately test our theoretical model, stochastic data, such as the mean and the standard deviation, are needed to model the distribution of the profiles of the energy resources. Since these kinds of stochastic data are difficult to obtain, we resort to a simplified alternative method whereby the data about the profiles of the energy resources are approximated based on empirical data. We employ the Renewable Energy Grid Simulator (REGS) [21] for this purpose.
The REGS tool takes as input the average load, the average electricity from the wind turbine, and the average electricity from solar PV, and outputs the corresponding time series profile of the load, wind energy supply, and solar energy supply over a period of time. The outputs of the simulator are tuned by intelligent pattern learning from a rich empirical data about load and renewable energy supply patterns in The Netherlands from the year 2000 to 2010, which is obtained from Tennet 1 . Using the outputs of the REGS as input to our model, we apply the aforementioned precedence of the usage of our resources. Figure 2(a) shows the gain obtained on the cost of the cluster by adding battery storages of different storage capacities and power capacities to the three clusters described before. The storage capacities used are 100 and 250 kWh, while different power capacities ranging from 1 to 80 kW are used. The power capacity of the battery refers to the maximum charging/discharging rate of the battery.
As can be observed from the figure, adding a battery yields the largest gain in cluster2 (the cluster without storage) compared to doing the same for the other clusters. In cluster2, the imbalance in demand and supply is compensated by the fuel cell and the transaction with the external grid because it does not have a storage. After a battery is added to this cluster, the imbalance is primarily compensated by the battery, thereby significantly reducing the expensive cost of fuel cells and the imported power.
On the other hand, moderate cost gain is observed for cluster1 (the regular cluster) after adding a battery. The moderate gain stems from the fact that the cluster already had a battery that could compensate part of the power imbalance, and the remaining imbalance is compensated by fuel cells and transactions with the rest of the grid. Thus, the extra added battery will be used to cope with the imbalance that remain after using the existing battery, thereby leading to a smaller gain.
In both cluster1 and cluster2, the gain in cost first rises rapidly with increasing the power capacity of the added battery and later saturates even though the battery capacity is increased further. Moreover, the gain in cost saturates at a smaller power capacity when the battery storage capacity is smaller, and vice versa. Thus, given a fixed storage capacity of a battery, the benefit of the battery can be improved by increasing the power capacity of the battery to a certain extent. However, increasing the power capacity beyond a certain level does not yield further gain because the storage capacity of the battery is a constraint to the maximum power that can be stored. Hence, a battery with optimal combination of storage capacity and power capacity need to be chosen.
On the contrary, cluster3 (a cluster with renewable energy reduced by half and larger storage capacity) did not show any gain by adding a battery. This cluster has lower variability in the supply side because of its lower composition of the variable renewable sources. Thus, the comparatively small surplus production from the renewable sources can already be completely absorbed by its larger battery storage capacity, and then supplied later when there is shortage of supply. Accordingly, there is no remaining potential to reduce the use of fuel cells and power imports from the external grid. Therefore, adding an additional battery does not reduce cost as it will not be used any way. Figure 2(b) shows the effect of adding batteries (with storage capacity of 250 kWh and different power capacities) on the robustiness of the three clusters under consideration. Improvement in robustness is measured by the increase in the number of days it takes before occurrence of a power outage. As can be observed, adding a battery did not improve the robustness of cluster3. Given the low composition of the variable renewable sources, the existing battery can already provide enough flexibility that could be used to store the surplus productions of the renewable sources and reuse it later to improve the robustness of the cluster. Hence, adding a new battery does not improve the robustness because there is no extra surplus production to store and reuse.
On the other hand, adding a battery yielded larger robustness improvement in cluster1 (the regular cluster) than in cluster2 (the cluster with no battery). Although this sounds counter intuitive, it can be explained as follows. Batteries are used to improve robustness if they are not being used at full capacity when the events (failure, fluctuation, or power-shortage) occur in the cluster. At the occurrence of these events, the reserve capacity of the batteries can be exploited to minimize the vulnerability of the cluster. Cluster1 already has a battery, hence the probability that the newly added battery is used at full capacity is smaller. Hence, the new added battery will have larger reserve capacity that could be used to improve robustness of the cluster. Whereas, cluster2 did not have a battery, and thus the newly added battery is more likely to have smaller reserve capacity, thereby leading to smaller robustness improvement.
The results in Figures 2(a) and (b) clearly confirm that the value gained by adding an energy resource to a cluster depends on the composition of the cluster, as well as the precedence of the usage of its energy resources. Thus, our proposed valuation model enables the operator of the cluster to wisely choose the appropriate energy resources that could be added to achieve the desired performance improvement. Similar simulations could be repeated with the other performance indicators of the cluster.
Discussions and Conclusions
In this paper, we have developed a valuation model for evaluating the value gained by adding an energy resource into an autonomous energy cluster. Our model presents a characterization of energy resources using wide range of parameters, namely cost, emission, failure rate, predict-ability, availability, controllability, responsiveness, and -convenience. Moreover, comprehensive set of performance indicators of a cluster, that relate to environmental, economical and social values, are considered and modeled.
Based on this model, the impacts of adding an energy resource into a cluster is analyzed. We also presented a case study to test our proposed theoretical model which endorsed the strength of the model to evaluate the value an energy resource adds to a cluster. Our model also reveals that the value added by an energy resource depends both on the composition of the cluster and the precedence of the usage of energy resources in the cluster.
Developing appropriate stochastic data that better capture the behaviors of the energy resources could help to analyze the benefits of the valuation model more thoroughly. Further, more realistic and synthetic test cases could be employed to evaluate the proposed valuation model.
Our proposed valuation model can be used as a basis to design optimal composition of a cluster, whereby certain energy resources are added to or removed from the cluster depending on their impact on the desirable performance indicators.
